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Abstract
The continuing trend towards model-based design requires increasingly detailed numerical models. Active vibration
control systems are characterized by a high interaction over several physical domains. Hence, early stage numerical
investigation requires the set-up of holistic models which include structural components, actuators, sensors, power
electronics and digital signal processing. Furthermore, these models need to be adaptable to represent subsystems with
the varying level of detail available throughout the development process. This work focuses on the modeling of the
digital signal processing chain for active vibration control systems. The goal is to evaluate the control performance
and to assess the influence of practical component characteristic from early on in the development phase. Starting
with an idealized signal processing chain, the component models are modified to reflect more realistic characteristics.
It is shown that control performance is quite sensitive to parasitic effects caused by different elements in the signal
processing chain.

1 Introduction

Adaptronics as a smart structure technology offers the possibility to compensate unwanted forced or resonant broad-
band and narrowband disturbances by means of – not necessarily structurally integrated – actuators, sensors and suitable
adaptive control algorithms. One focal point of the current research is the application of active engine mount systems in
an active vibration control (AVC) scenario [1, 2, 3]. Here, active systems are applied to reduce harmonic disturbances
that are mainly correlated with the rotational speed of the engine.

Beside noise caused by rough road excitation and wind noise, engine noise makes a large contribution to the vehicle
interior noise. This also applies to the measurable acceleration at relevant comfort points like the driver’s seat and
the steering wheel [4, 5]. Engine noise is primarily transmitted via the engine mounting points. The application of
an active engine mount system represents a primary measure concerning comfort enhancement whereas an improved
vibration reduction is achieved by means of enhanced source insulation. By reducing the accelerations at the mounting
points of the engine, a global improvement of noise, vibration, and harshness (NVH) can be expected. The added value
provided by an active engine mount system is an increased system performance compared to conventional elastomer
or hydraulic engine mounts. Furthermore, active systems offer some future potential for light weight construction due
to an enhanced source insulation and the possible omission of acoustic insulating material which particularly applies
for the low frequency range.

In previous investigations at the Fraunhofer Institute LBF in Darmstadt, a test vehicle was equipped with an active en-
gine mount system [6, 7] and the performance of the active control system was evaluated successfully during practical
driving tests on public street. In the course of these studies, an adaptive control algorithm was implemented on an ex-
tensive rapid control prototyping (RCP) system and high-precision laboratory sensor equipment was utilized. However,
the performance of the active engine mount system might deteriorate if laboratory equipment is successively replaced
by low-cost hardware. The ongoing BMWi project LeichtFahr focuses on early stage development and validation of
AVC technology in vehicles. By making use of holistic numerical simulations and sensitivity analyses in an early stage
of the design process, requirements and important design criteria for low-cost sensors and tailored embedded signal
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processing units can be investigated in detail. This procedure provides the analysis of the overall system performance
and robustness of the system in the case the control algorithm is applied under non-ideal conditions.

Within the scope of this work, the performance of an active engine mount system and especially the performance and
robustness of the narrowband feed-forward control algorithm under non-ideal conditions are examined in detail. Non-
ideal operating conditions might be caused by low-cost acceleration sensors, a reduced resolution of analog-to-digital
converters (ADC) and digital-to-analog converters (DAC), a reduced sampling frequency of the signal processing
unit or non-ideal rotational speed measurement. After an overview on the engine mount under consideration and the
applied principle of AVC, the modeling of the signal processing chain including acceleration sensor and rotational
speed measurement are presented. Each model includes suitable error sources, e.g., colored noise in piezoelectric
acceleration sensors. The influence of each of these error sources on the overall system performance is analyzed using
Simulink simulations.

2 Active engine mount and active vibration control

The application of an active engine mount system represents a primary measure concerning comfort enhancement. For
the generation of a counteracting force, different actuator concepts are available. E.g., AUDI uses an electrodynamic
actuator [2]. Piezoelectric actuators are applied in [1, 3] where [3] makes use of a stroke amplified piezoelectric
actuator. Beside the integration of an active engine mount system, also additional proof mass actuators can be attached
to the car body or relevant comfort points and serve the reduction of unwanted vibrations or vehicle interior noise [4,
5].

m1 = 120 kg chassis mass
k1 = 28·106 N/m chassis stiffness
c1 = 10·103 Ns/m chassis damping
m2 = 70 kg engine mass
Fe = m2·25µm·ω2 unbalanced excitation
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Figure 1: Active engine mount control scenario incorporating an AEM model derived by Hausberg et al. [8].

Figure 1 summarizes the considered AVC scenario within the scope of this work. The engine’s mass m2 is excited by
a multi-order harmonic disturbance Fe which is mainly caused by the combustion process and which can be modeled
by means of an unbalanced mass excitation with regard to the most significant engine order of interest (i.e. the second
engine order for a four cylinder engine). The active engine mount (AEM) isolates the engine from the chassis given by
m1, k1 and c1. For simplification, the chassis dynamics are approximated by a single degree of freedom system whose
parameters have been adapted to reasonably match a measurement of the dynamic stiffness of the actual mounting point
of the AEM in the target vehicle. As the target vehicle will be equipped with an AEM based on a hydraulic engine
mount implementing an electrodynamic actuator, the model of the AEM is based on the numerical model derived by
Hausberg et al. [8].

AVC concepts based on adaptive digital filters are commonly used to reduce unwanted vibrations in AEM applications.
Adaptive control concepts offer the advantage to readjust the applied control filter in case the excitation and/or the
transfer behavior of the controlled system changes [9]. For the cancellation of periodic, engine induced vibrations or
noise, adaptive narrowband feed-forward concepts are commonly used.

Figure 2 illustrates the conventional implementation of a single frequency filtered reference leaky normalized least
mean squares (leaky FxNLMS) algorithm [9]. The primary waveform d(n) is inducted via the primary path, i.e., the
engine vibration transmitted through the passive characteristics of the AEM on the engine mount point. An additional
secondary path S(z) is used to cancel the primary waveform d(n) by means of the secondary waveform y′(n). The
residual waveform e(n) is measured and serves the adaptation of the control filter coefficients. Two orthogonal ref-
erence signals xi(n) serve the calculation of the actuator control signal y(n) whereas the reference signals xi(n) are
generated synthetically by measuring the current rotational speed and making use of a discrete time harmonic oscilla-
tor [10].
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Figure 2: Narrowband adaptive feed-forward control algorithm applying a leaky normalized LMS algorithm, an opti-
mized secondary path model and a quadrature oscillator for the generation of the quadrature reference signals.

wi(n+ 1) = (1− γα)wi(n) + µ(n)x′i(n)e(n) with µ(n) =
α

max (Px′
i
(n), Pmin)

(1)

Two adaptive filter coefficients w0(n) and w1(n) are used to adjust amplitude and phase of the actuator control signal
y(n). An optimal linear combination of the adaptive weights is determined iteratively by means of the leaky normalized
filtered-x LMS algorithm as shown in Eq. (1). The update equation makes use of the measured remaining acceleration
e(n) at the mounting point of the AEM and the filtered reference signals x′0(n) and x′1(n). The speed of convergence
can be adjusted by means of a user-defined normalized adaptation step size α whereas the resulting power-dependent
adaptation step size µ(n) is bounded for a low reference signal power by means of an additional lower bound Pmin [9].
In order to avoid divergence and to improve stability, the LMS adaptation equation can be extended by means of a
leaking mechanism [9, 11]. For this purpose, a leakage factor is added to the update equation. This measure will
increase the robustness of the control algorithm and avoid effects of longtime divergence [9]. A decreased control
performance has to be accepted as the utilization of the leakage mechanism increases the attainable minimal mean-
squared error in the performance surface due to a bias of the long-term coefficient estimate [12]. Further, as stated
in [9, 12], the leakage factor has to be kept smaller than the normalized adaptation step size α. The leakage weighting
factor 0 ≤ γ ≤ 1 is introduced for this purpose.

The actual cancellation signal y′(n) is generated by applying the control signal y(n) to the secondary path. Due to this,
the control filter coefficients wi have to be adapted with regard to the secondary path’s dynamics S(z). Assuming the
control algorithm to be utilized in an active engine mount scenario, the secondary path will equal the combined transfer
behavior of the digital-to-analog converter, the reconstruction filter, the power amplifier, the active engine mount, the
mechanical structure, the acceleration sensor, the anti-aliasing filter and the analog-to-digital converter.

The filtered reference signals x′i(n) can be computed as in Eq. (2) using a look-up table for the complex frequency
response of the secondary path Ŝ(jΩ(n)) that is determined experimentally.

x′0(n) + jx′1(n) = x̂′(n) = Ŝ(jΩ(n))x(n) with x(n) = x0(n) + jx1(n) (2)

3 Modeling of the signal processing chain

Nowadays, digital signal processing is often preferred over analog signal processing due to the easy implementation
and changeability of even complex control concepts. Furthermore, control parameters can be adjusted very precisely
and digital control is not prone to electrical drifts or environmental conditions. By making use of model-based design,
rapid control prototyping and hardware-in-the-loop testing, there is a consistent toolchain available to engineers and
developers. Precise modeling is therefore even more important in order to take the full advantage during concept phases
and early-stage system development.

Figure 3 shows the proposed modeling of the signal processing chain which has been implemented in Matlab/SIMULINK.
Beside the adaptive narrowband feed-forward control algorithm, the signal processing model includes an anti-aliasing
filter (AAF) for preventing aliasing effects and a reconstruction filter (RCF) to remove spectral artifacts caused by the
holding mechanism of the digital-to-analog converter and the following rate transition. Parasitic quantization effects
are modeled by means of analog-to-digital converter (ADC) and digital-to-analog converters (DAC) respectively. Ad-
ditional delay times caused by the ADC and DAC as well as the computation time of the controller are taken into
account by means of a conflating dead time element. Two zero-order hold blocks are used to sample the continuous
input signals given by both the rotational speed sensor as well as the error sensor. As a continuous time solver is chosen
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for the simulation of the AEM scenario both the zero-order hold model and the rate-transition block ensure discrete
time calculation of the control algorithm itself as well as deterministic data transfers between systems of different sam-
ple times. This allows a constantly high simulation sampling rate for numerical stability while varying the sampling
frequency of the controller block.
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Figure 3: Modeling of the digital signal processing chain.

3.1 Digital signal processing

Two major effects have to be considered while modeling digital signal processing. Firstly, dead times caused by the
sample and hold element and the dynamic characteristics of the anti-aliasing and reconstruction filters introduce a
significant additional phase delay in the open-loop transfer function. Design guidelines for the design of anti-aliasing
and reconstruction filters can be found in [13]. Secondly, quantization noise is introduced by the ADC and DAC
respectively. As additional noise represents a loss in coherence which directly affects the control performance [9],
quantization noise has to be considered during system design. This can also be seen in the fact that up to a resolution of
approx. 12 bit, analog quantizing is the main error source compared to the errors contributed from multiplexers, signal
amplification and sample-and-hold circuits [14]. The ADC and DAC model is realized by a quantizer with an interval
of ∆u as given in Equation (3), which depends on the difference between the maximum Umax and minimum output
voltage Umin as well as the associated bit resolution n of the ADC/DAC.

∆u =
Umax − Umin

2n − 1
(3)

In addition to quantization noise, the ADC system adds noise in form of thermal and clock noise, which can be
approximated as white noise and jointly described by noise power PN . The signal-to-quantization-noise ratio (SQNR)
is given by Equation (4) for a sinusoidal signal which spans the full range from Umin to Umax. System measurements
for the dSpace DS2003 ADC converter board show a signal-to-noise ratio (SNR) of 80 dB for an ADC resolution of 16
bit instead of the theoretically possible 96 dB. This is in good agreement to the datasheet value of 78 dB. This means,
that for a resolution of 16 bit other noise sources dominate the quantization noise by a factor of 40 and the effective
number of bits (ENOB) is 13 bit.

SQNR = 1.76 dB + 20 · log10 2n (4)

Figure 4 shows a comparison between the conflated transfer behavior (i.e. anti-aliasing and reconstruction filter, ADC
and DAC as well as digital signal processing) of the measured and modeled digital signal processing chain. The
measurement is conducted with an OnoSokki CF-7200A. For anti-aliasing a Kemo Cardmaster 255g Type 01 filter is
set to 800 Hz. The dSpace system’s sampling frequency is 2 kHz and the sampling frequency of the spectrum analyzer
is 100 kHz. The system is excited by a sine sweep from 0 to 4 kHz, allowing aliasing to occur. The anti-aliasing and
reconstruction filter responses are modeled by an elliptical filter with the characteristics given in the data sheet [15]. To
optimally match the measured response, the edge frequencies for pass- and stop-band are slightly perturbed. The ADC
has a resolution of 16 bit and the DAC has a resolution of only 14 bit. A transport delay block accounts for additional
dead times not covered by the filter responses and the domain conversions. These are 30 µs per Kemo filter and 6.3 µs
for the ADC running on one channel and 16 bit resolution. The dependency of dead time on the number of bits and
channels used in the DS2003 ADC board has been measured before in [16]. The model matches the measurements
very well in magnitude as well as in phase. Only nearby the Nyquist frequency of 1 kHz the model simulation diverges
from the measurements due to the finite frequency resolution of the test signal. Above 1 kHz the finite resolution of the
spectrum analyzer’s ADC limits the estimated transfer function to approximately −100 dB.
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Figure 4: Conflated transfers function of the digital signal processing chain.

3.2 Acceleration sensors

The input to the signal processing chain e is the error signal of the adaptive control algorithm and depends on the
measured acceleration ẍ1 at the mounting point of the AEM. The acceleration is converted to a voltage signal by an
acceleration sensor depending on the sensor’s sensitivity and is perturbed by sensor noise.

Basically, there are two measurement principles to obtain the acceleration of a mechanical system. The first princi-
ple makes use of the piezoelectric effect. Here, the reaction force of a seismic mass is proportional to the resulting
charge difference between the two compressed sides of a piezoelectric substrate. The resulting charge difference is
measured by means of a charge amplifier and serves the estimation of the acceleration. This measurement principle is
often utilized in high-precision laboratory sensor equipment. The second principle is applied in microelectromechan-
ical systems (MEMS). Here, the displacement of a seismic mass is measured by means of a capacitive sensor. The
measured displacement is proportional to the actual acceleration. MEMS acceleration sensors can be mass-produced
economically and offer significant cost advantages compared to the high-precision laboratory sensor equipment. Both
sensor types have a limited bandwidth resulting from the resonance frequency of the seismic mass. However, MEMS
acceleration sensors usually show significant higher sensor noise compared to laboratory sensor equipment.

Acceleration sensor noise consists of white thermal noise and – especially in case of piezoelectric sensors – of pink
noise, which is dominant in the lower frequency range. While a white noise characteristic can simply be modeled by a
band-limited random number generator, colored noise requires additional information about the spectral content which
can be used to design a weighting FIR filter. Colored noise is wide-sense stationary (WSS), that is the correlation
depends (only) on the time difference τ and the PSD is in turn not constant. In the case of pink noise, the PSD
decreases with 1/f or 10 dB per decade. For red noise, it decreases with 1/f2 or 20 dB per decade. The pink noise in
piezoelectric sensors is due to an effect of the JFET used in the integrated charge amplifier [17].

Figure 5a illustrates the modeling of the acceleration sensor. The sensor’s sensitivity is given by the scalar factor G.
An additional FIR filter H(z) serves the spectral weighting of the sensor noise and additional dynamic behavior (e.g.
limited measurement range in MEMS sensors or dynamic response of the sensor) is taken into account by the transfer
function Gd(s).

Two acceleration sensors are compared, one for each construction principle. The class of piezoelectric IEPE sensors
is represented by the Dytran 3049E3, a 100 mV/g sensor with a measurement range of ±50 g. The data sheet gives
an equivalent noise floor in Grms, which is stated in Equation (5). This level matches the measured noise density very
well at low frequencies but a single value does not model the colored nature of the sensor noise as shown in Figure 5b.
To account for that, the total noise power has been distributed to a constant part, a pink and a red part. Numerical
fitting shows, that white noise has a share of 0.05 % of the total noise power while the rest is distributed 80 % in
red noise and 20 % in pink noise. The class of MEMS sensors is represented by STMicroelectronics LIS 344ALH,
a 660 mV/g sensor with a measurement range of ±2g. The MEMS sensor shows purely white noise, which is only
slightly colored by the sensor output filter. The measured noise level lies approximately 5 dB below the data sheet value
of 1.09× 10−9 V2/Hz (Equation (6)). Therefore, for the comparison in Fig. 5b, the measured sensitivity of 500 mV/g
was used instead of the data sheet value. In terms of measured acceleration, i.e., omitting the different sensitivities
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Figure 5: Acceleration sensor modeling.

of the sensors, the noise level of both sensors is very similar at low frequencies. Towards higher frequencies, the
laboratory sensor shows approximately 20 dB less noise due to its colored characteristic.

PDytran =

(
0.008 g · 100 mV/g√

10 kHz

)2

= 6.4× 10−11 V2/Hz (5)

PLIS =
(

50 µg/
√

Hz · 0.66 V/g
)2

= 1.09× 10−9 V2/Hz (6)

Figure 5b shows a power spectral density (PSD) estimate of the measured acceleration and the modeled acceleration
as no excitation signal is applied to the acceleration sensor. The models match the measured behavior quite well. It
should be noted, that the MEMS acceleration sensor’s PSD shows an increased noise level at the multiple of the mains
frequency of 50 Hz. Thus, special attention should be given to the design of the ripple of the sensor’s supply voltage.

3.3 Rotational speed measurement

Digital Input
of µC

Interrupt
Generation

Frequency 
Counter

Processor Clock

rpm

Figure 6: RPM measurement principle.

As indicated in Section 2 and verified in Section 4.3, the performance of the control algorithm strongly depends
on precise frequency measurements [18, 19]. Within the system simulation, the acquisition of the rotational speed by
means of scanning a toothed wheel is considered. An exemplary system is illustrated in Figure 6. Scanning of a toothed
wheel by means of a suitable inductive, capacitive or optical sensor generates an impulse train. This measurement
method has an inherent dead time dependent on the current rotational speed due to the angular difference between two
cogs δφ. The speed measurement can only be updated after the next tooth reaches the sensor. Therefore the error
depends on the rotational speed as well as on its derivative. Fast changing velocity induces a higher error and the sign
of the error is equal to the sign of the acceleration. The sampling frequency of a revolution counter is usually much
higher than the frequency with which the teeth pass by the detector (usually 1 to 100 MHz). Therefore, it is not possible
that a tooth transition will be missed and estimation error due to late detection of the transition is relatively low. For
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example, a system with 60 tooths on the cog wheel rotating constantly with 1000 min−1 has a tooth-to-gap transition
every 1 ms. With the detection processor running at 100 MHz, the maximum error of the estimation is

1/60

(1 ms± 10 ns)
− 1/60

1 ms
= ±1.67× 10−4 Hz (7)

This maximum instantaneous error is equally distributed with zero mean and therefore has no repercussion on the
sensor performance, as long as the frequency is lower than the Nyquist frequency given by Eq. (9).

1/NT
1

NT f(t) ± 1
fs

− f(t) = f(t)

(
fs

fs −NT f(t)
− 1

)
(8)

fny =
fs

2NT
(9)

When the frequency is changing – in addition to the tooth detection error – a tracking error occurs, which is usually
much larger. This is because the current frequency is estimated from the time between the last tooth detection and
the current, i.e., the average frequency from this interval is returned. For rising frequencies this leads to a systematic
underestimation and for falling frequencies to an overestimation of the same magnitude. The tracking error is shown
in Fig.7 for low and high frequencies and two different cogwheel configurations. The tracking error depends linearly
on the number of teeth on the cogwheel.
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Figure 7: Detail of measurement error due to restricted sampling.

4 Sensitivity analysis

The performance of an active vibration control system depends on a multitude of different input parameters, many
of which are subject to technical choices or can be freely selected. As there is a strong dependency between the
selected control parameters and the properties of the respective signal processing elements [20], the derived simulation
framework allows for an early-stage investigation of the control performance by means of a sensitivity analysis. For
the scope of the simulations, a second engine order excitation is considered as shown in Figure 8a. It consists of a
slow acceleration phase followed by a fast deceleration phase, which are framed by two phases of constant rotational
speed. The engine’s mass m2 = 70 kg, see Fig. 1, is excited by an unbalanced mass excitation (r = 25 µm) with
varying intensity depending on the excitation frequency. Figure 8b shows the resulting unbalance force amplitude,
which depends on the current rotational frequency as:
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Fe(t) = F̂e(t) · sin




t∫

0

2πf(τ)dτ


 with F̂e(t) = m2 · r · (2πf(t))

2
. (10)

The following sections are organized as follows: First, the control parameters of the narrowband feedforward control
algorithm (i.e. the user defined adaptation step size α and the leakage weighting factor γ) are varied over a wide
range in order investigate the maximum attainable control performance. Next, parasitic effects caused by sensor and
quantization noise are considered and finally different rotational speed measurement scenarios are investigated.
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Figure 8: Excitation modeling.

4.1 Variation of control parameters

The overall system behavior is investigated in the first part of the sensitivity analysis. Here, the controller’s sampling
frequency and relevant control parameters (i.e. the normalized adaptation step size α and the leakage weighting factor
γ) are varied over a wide range allowing a close observation of the control performance. The upper and lower bound of
the control parameters were previously determined in additional analysis. Logarithmically spaced vectors are chosen
for an initial variation of the control parameters. A bit resolution of 16 bit is chosen for both the ADC and DAC
respectively and no additional sensor noise was being applied to the acceleration sensor. Also, a decent rpm signal is
selected featuring 60 pulses per revolution. The measure of interest is the acceleration of the chassis at the engine mount
point ẍ1. Its average achievable reduction is shown within the α-γ-plane in Figure 9. Increasing the adaptation step
size α allows for better reduction until the system becomes unstable for α ≈ 100/ts. Also a high leakage weighting
factor γ of approx. 0.01 decreases the control performance. However, a positive side-effect arises, if the control filter
weights have to be adjusted rapidly, e.g., in a fast run-up scenario. Here, the leakage factor assists the fast adaptation of
the control filter weights as a previously found linear combination is not retained. This effect doesn’t get too obvious,
as a relatively moderate rate of change in the excitation frequency was chosen for the sensitivity analysis. Furthermore,
the control performance has been set to 0 dB in the case of an unstable control behavior. Decreasing the controller’s
sampling frequency from 2 to 1 kHz reduces the maximum attainable control performance from 34 to 26 dB. This,
however, has to be accepted if the computational burden on an embedded signal processing unit is critical.

For an in-detail analysis of the active vibration control system’s behavior, the second engine order order-cuts are
illustrated in Figure 10 whereas the controller’s sampling frequency is 2 kHz. Considering the uncontrolled scenario in
the first case, the second engine order strikes the two resonances of the mechanical system. The fundamental frequency
of the engine’s mass m2 is located at approx. 20 Hz and the chassis’ resonance frequency (i.e. m1) is set to a value
of approx. 80 Hz. It should be noted, that the actual dynamic behavior of the car’s chassis shows a variety of different
resonance frequencies which have not be considered within the scope of this investigation. The best configuration with
α = 0.025 and γ = 0.0001 achieves an average reduction of 34 dB. But since this configuration acts on the verge of
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Figure 9: Control performance as a function of the control parameters.

instability, for the comparison the more conservative configuration with α = 0.005 and γ = 0.005 has been chosen,
which achieves a reduction of 26 dB. This configuration with α · fs = 10 is kept throughout the following sections,
giving α = 0.01 for fs = 1 kHz later on.

Figure 10 also shows a comparison between the run-up ranging from 3 to 18 s and the run-down ranging from 18 to
23 s. Due to the faster changing excitation frequency f(t), the overall performance slightly decreases. Also, with this
relatively large step size, the algorithm shows a slight deterioration of the control performance at around t = 5 s (i.e.
passing the engine’s mass resonance frequency), which is handled more graciously during the run-up by the overall
worst stable configuration with α = 5× 10−5, γ = 1. In consequence, as the control performance deteriorates due to
the phase change in the secondary path’s frequency response, an adaptation of the control parameters with regard to
the secondary path’s phase change in accordance with the change in rotational speed seems advisable.

4.2 Effects of sensor and quantization noise

As depicted before, the control performance strongly depends on the coherence between the actuator’s control signal
y(n) and the controller’s error signal e(n). The coherence will deteriorate as the secondary path shows non-linear
behavior or if the secondary path includes noise sources that either can be given by additive sensor noise or quantization
noise caused by the ADC and DAC respectively. For a comparative investigation, Figure 11a shows the second engine
order order-cuts for the previous set-up (i.e. 2 kHz, 16 bit ADC/DAC resolution and no additional sensor noise) and
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Figure 10: Second engine order order-cuts (2 kHz sampling frequency, 16 bit ADC/DAC resolution).
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a set-up where the sampling frequency is reduced to 1 kHz. As discussed before, reducing the sampling frequency
slightly decreases the overall control performance over the whole frequency range of interest. Decreasing the bit
resolution of the ADC and DAC to 12 bit, no significant deterioration of the controller’s performance can be observed.
This depicts a promising result, as embedded signal processors often feature a bit resolution of 12 bit for both the ADC
and the DAC as well.

Next, additional sensor noise caused by the acceleration sensors (c.f. Section 3.2) is added in the overall system
simulation. Figure 11b briefly recapitulates the results of the simulation by means of the second engine order order-
cut. The previously introduced MEMS sensor (i.e. STMicroelectronics LIS 344ALH) is used for the simulations.
Even though the order-cuts show a noisy behavior, the overall system performance remains the same compared to
the simulations without any sensor noise (c.f Figure 11a). This again depicts a positive result with regard to system
integration and the application of low-cost hardware. However, compared to other MEMS acceleration sensor types
(e.g. the ADXL335) the LIS 344ALH MEMS sensor has significant less sensor noise which has to be taken into
account, if another sensor type is desired during system design.
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Figure 11: Second engine order order-cuts for reduced sampling frequency of 1 kHz, reduced ADC/DAC resolution
and sensor noise.

4.3 Rotational speed measurement

Besides the coherence of the actuator’s control signal y(n) and the controller’s error signal e(n), the control perfor-
mance also strongly depends on the correlation between the controller’s error signal e(n) and the synthetically gener-
ated reference signals xi(n). In a narrowband feed-forward control this falls down to precise frequency measurement
which was already part of the investigations carried out in [18, 19, 20]. As introduced in Section 3.3, the quality of
the rpm signal strongly depends on the number of teeth sampled by the microcontroller’s digital input. Three different
scenarios are investigated within the scope of the system simulation. First, a total of 60 samples over one revolution
is assumed which remarks a usual measure in the automotive industry as such an rpm measurement signal can often
be found in engine control applications. Next, the rpm measurement involves only one measurement (i.e. one tooth)
per revolution. In the last scenario, still 60 measurements per revolution are considered but in addition the signal is
sampled and held at an update rate of only 10 ms which corresponds to the distribution of the rpm measurement value
over a CAN network. Other influences on the rpm signal quality which were not further taken into account include de-
layed transmission of the estimated rpm signal and missing teeth on the cog, which would allow to detect the absolute
position of the crank shaft but introduce a higher estimation error once per revolution.

Again, the simulations are carried out without sensor noise (Figure 12a) and with sensor noise caused by the MEMS
acceleration sensor LIS 344ALH (Figure 12b). As before, the sampling frequency is chosen to be 1 kHz with a bit
resolution of 12 bit for the ADC and DAC respectively. As shown in Fig. 12 the 60 teeth rpm signal results in the
best control results. The control performance shows a significant deterioration, if only one sample (i.e. one tooth)
per revolution is used for rotational speed measurement. The order-cut results in being constantly 12 dB worse. The
CAN network based control performance is located in between the formerly discussed simulation results. However,
if the target application also involves the control of higher engine orders the errors introduced by both the one sample
per revolution signal as well as the CAN network signal the errors in frequency measurement are also becoming more

238 PROCEEDINGS OF ISMA2018 AND USD2018



obvious. Thus, making use of the best available rpm measurement signal (i.e. 60 samples per revolution without any
additional delay) seems to be advisable. However, also additional frequency tracking algorithms [20, 21] may improve
control performance whenever high-precision rpm signals are not available.
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Figure 12: Second engine order order-cuts for different rpm measurement scenarios also incorporating sensor noise.

5 Conclusion

Within the scope of the work presented, a highly accurate model of the digital signal processing chain for the early-
stage numerical investigation of a narrowband feed-forward active vibration control system has been set up. Even tough
the overall system’s behavior has not yet been evaluated experimentally in vehicle tests, the numerical models of each
component show a good accordance to actual measurements on component level which allows for an initial assessment
of the control performance as low-cost digital signal processing components are successively integrated into the active
vibration control system. As further investigations regarding high-accuracy and high-bandwidth simulation as well as
experimental validation are planned within the scope of the ongoing research project LeichtFahr, the achieved results
will lay the foundation for the design of several active vibration control systems.
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